In this paper, we provide an in-depth analysis of the performance of newly launched mutual funds. In a simple framework of an agent utility maximization problem, we compute optimal allocations between new funds and old funds. We compare these theoretical allocations to those really observed in the mutual fund industry. We …nd that investors are reluctant to exit from new funds and are highly risk averse. We then provide a new performance measure for newly launched funds. This measure decomposes the fund risk into two components: family risk and fund speci…c risk. We also improve the precision of beta and alpha estimations using two methods: a combined-sample and an empirical Bayesian estimator. These methods correct the bias resulting from the short history of new funds. The predictability tests con…rm the superiority of the combined sample estimators over the OLS especially for funds with small percentage of missing data (i.e. short horizon prediction). The e¢ ciency tests based on the RMSE con…rm the superiority of the Bayesian estimator. These results have many implications for assessing the performance of new funds.
Introduction
The number of mutual funds has dramatically increased over the last decade both in the U.S. and worldwide. A growing number of new mutual funds are started each year, which enlarges the possibilities of placement for investors. As the universe of choices is widening, selecting funds with signi…cant higher performance becomes a challenging task. A large span of the literature addresses the question of the performance and the persistence among mutual funds, however little interest has been given to study the performance of new mutual funds. In this paper, we try to …ll the gap by providing new performance measures that are more adequate for funds with short history.
The reduced ability of absolute returns to assess the fund performance raises the need to look for other measures. Using adjusted risk measures o¤ers a better estimation of the performance and the managerial skill. The seminal work of Jensen (1968) uses the single factor model to estimate the superior performance of funds over the market index. FamaFrench (1993) adds two other factors: size and book-to-market. Carhart (1997) adds a momentum factor to capture investments made on past high performing stocks. The alpha computed from the four factor model of Carhart (1997) is now the standard approach used for the majority of mutual funds articles. Nonetheless, this approach raises some issues related to the number of the factors used and their adequacy as well. Finding an optimal number of factors and appropriate benchmarks is one approach to sharpen the performance measures. Another way to improve the precision of the alpha is the use of other assets with longer history. Incorporating additional information improves the estimation and the predictability of alphas. We propose to extract information from the fund family and we use it in a Bayesian setting. The Bayesian approach has signi…cant consequences on the performance estimation and portfolios allocations.
The classical approach based on a multifactor model may be suitable to compare performance of funds having similar ages. However, things are di¤erent when we have to contrast the performance of new funds to seasoned ones. The main di¤erence is the longer historical returns available for seasoned funds. This fact may bias a performance evaluation based solely on OLS alpha i.e. a multifactor model. One way to circumvent this problem is to use Bayesian estimates of factor model coe¢ cients. Following this method, the estimation of the coe¢ cients is a balanced weight between the estimator obtained by OLS and the prior information. We refer to a prior as any information that the investor may have and could be used as an estimation of the potential performance of the fund. The combination of the prior information and the OLS estimation provides the posterior estimator. As an investor has a larger prior information, his posterior estimation would be sharper. The prior should be extracted from real data to obtain logical results and should re ‡ect any changes that could a¤ect the returns.
The tremendous growth in the number of mutual funds in the US market has generated a huge number of young funds available for investors. The number of young funds (i.e. < 3 years old) was multiplied by more than ten between 1980 and 2005 as mentioned in Table   1 . Most of these funds are not well known by the public. The lack of information and the shortage of historical data increase the estimation risk for this type of funds. The issue of assessing new funds performance is more complex than funds with longer historical data. First, there is a higher probability that fund managers use a temporary strategy in order to boost the fund. For instance, new funds may receive better manager teams or may be subsidized with a number of IPO allocations or successful strategies already used in other funds within the family. New funds are also exhibiting incubation and higher termination rate in comparison with seasoned funds (Wisen 2002) . Second, the launch of the funds may also be correlated with the state of the market. In a bullish market, it is not clear whether the performance is due to intrinsic value of the fund or to a timing strategy in some speci…c stocks. In addition, the smaller size of new funds increases the probability to get higher performance. Third, for new funds, there are no ratings available (no Morningstar ratings available before three years of existence). Finally, any estimation of a performance measure would be biased due to the shortage of historical data. All these characteristics of new funds raise the need to look for adequate measures of performance. In this paper, we propose two measures of performance for funds with short historical data. These measures enlarge the information used to estimate the performance of newly launched funds.
Lately some authors have used the Bayesian method to tackle some issues related to mutual funds performance. Baks, Metrick and Wachter (2001) employ a Bayesian measure of performance that incorporates a ‡exible set of prior beliefs about managerial skill. They show that the decision of investing in an actively fund is not solely based on the existence of skill among managers. Investors will still invest in actively managed funds even though they have a strong belief that managers do not exhibit any skill.
Pastor and Stambaugh (2002 a) support that using information from passive non-benchmark assets increases the precision of the estimation of alphas and Sharpe ratios. Signi…cant di¤erences are also observed compared to standard measures of performance. Pastor and Stambaugh (2002 b) use Bayesian alphas to construct optimal allocations by maximizing the Sharpe ratio. This approach disentangles mispricing from skill. They show that using further information from non-benchmark assets is useful even for an investor who completely believes in a pricing model. Jones and Shanken (2005) show how returns from other funds are useful to estimate the performance of a speci…c fund. Dependence between funds is referred as 'learning across funds'and can be exploited in order to enlarge the information available about the performance of a fund. By estimating the statistical parameters of the performance of the entire sample of funds, an investor can improve his optimal allocations weights. Busse and Irvine (2006) compare the performance predictability of Bayesian estimates of mutual fund performance with standard frequentist measures using daily returns. They highlight the usefulness of the use of other non-benchmark assets in order to improve the predictability of alphas. Huij and Verbeek (2007) use the information on the entire sample of mutual funds as a prior to estimate the performance of the fund. They use an empirical Bayes approach to study the short-run persistence among equity mutual funds over the period [1984] [1985] [1986] [1987] [1988] [1989] [1990] [1991] [1992] [1993] [1994] [1995] [1996] [1997] [1998] [1999] [2000] [2001] [2002] [2003] . Their results exhibit the superiority of the Bayesian estimator over the OLS one in measuring the performance.
All of the articles mentioned above advocate the use of the Bayesian approach in order to increase the performance precision. The Bayesian approach allows incorporating prior beliefs and takes advantage of further information from other assets. In our work, we use two methodologies: a combined-sample approach and an empirical Bayes approach. The …rst approach is relying on the works of Little and Rubins (1987) , while the second is based on the works of Koop (2003) . We use these methodologies in the particular context of new mutual funds and we contrast the results with those found with a classical approach.
The remainder of the paper is organized as follows. Section 2 describes our sample. We study a portfolio allocation problem within a simple utility maximization problem in Section 3. We contrast theoretical allocations with ‡ows really observed among US equity mutual funds. We highlight the di¤erence in allocations between new funds and seasoned funds.
In the second Section, we provide a new measure of standard deviation that incorporates information from the fund family. In section 4 and Section 5, we use a combined-sample and empirical Bayesian approach to estimate alphas of new funds. These estimations have many implications in persistence and performance rankings.
[ [ Table 2] [ Table 3 ] Table 2 describes the distribution of styles in our sample. Most equity funds are composed of Growth funds (23.63%). Small Company Growth, Growth and Income, and sector funds account for 54.01%. Table 3 summarizes characteristics of fund families taken in the sample. Most of the families have a number of funds between 2 and 5. Only 6 families have a number of funds exceeding 51. However, the sum of the total net asset (TNA) of the largest families (6 largest families) is equal to 937 812.4 (M $) and the sum of the TNA of smallest families (232) is 241 267.9 (M $) in 2005, con…rming the fact that mutual fund industry is dominated by large families.
[ Figure 1 ] Figure 1a , Figure 1c and Figure 1d show the evolution of the number of funds, the number of families, and the average number of funds per family. There is a high development of the mutual funds industry and a tendency to have a higher number of funds per family starting with the nineties. Higher competition, need for scale economies and better portfolio diversi…cation may be behind the increase in the average number of funds per family.
[ Figure 2 ] Figure 1a shows the number of funds in activity each year in our sample. There is a remarkable increase in the number of funds especially starting with the nineties. Figure1b con…rms this fact by exhibiting the number of new funds started each year. Since we have a large number of new funds, it is important to have an adequate performance measure that takes into account speci…c characteristics of these funds. Figure 1e shows the evolution of the median age of funds in activity each year. We notice that the median age is decreasing from one year to another. The mutual fund industry is at a growing stage and is incorporating a higher number of new funds each year. In addition, Table 1 displays the evolution of the number of old versus young funds. The number of these latter has been multiplied by more than ten in the last twenty years. Mutual fund industry has reached its top activity by the end of the nineties when almost one over three funds was a young one. Figure 2 shows the evolution of the number of funds for each style, the sample is dominated by Small Company Growth style. The expansion of the number of funds has concerned almost all the styles.
3 Portfolio allocation between new funds and seasoned funds
Classical approach
We consider the problem of an agent who wants to maximize his expected utility. He has the choice to invest in two funds: a new fund and an established fund. Alternatively, we could consider the new fund as a group representing the young funds and the established fund the one that represents the established ones. The problem of the investor is to …nd an optimal allocation between the two funds. As previous single-period portfolio choice studies (see, e.g. Baks, Metrick, and Watcher (2001) and Pastor (2000)), we suppose that each investor has a quadratic utility. However, we consider investments made only on risky asset (i.e. on equity mutual funds). Moreover, we add a constraint that all the proportions invested in di¤erent funds should sum up to one. Finally, we consider that weights held in funds would fall in [-1, 1] interval. We obtain that:
Using the Lagrangian we obtain:
Deriving with respect to !:
is the expected return of the portfolio, is the variance-covariance matrix , A is the relative risk aversion coe¢ cient and ! is an (N 1) vector of weights in risky assets. We suppose that we have S investors and all of them have the same utility function, as speci…ed in equation 1.
This is a particular solution of the mean variance optimization problem (chap. 3 Huang and Litzenberger, 1988) . The portfolio choice of the investor is to allocate between the new fund and the established fund. The investor will invest ! 1 units in the new fund and (1
Since we study one period allocation model, we are only concerned about allocations made in one time window. We do not consider the whole portfolio allocation already held by investors in previous periods. For each fund introduction, we study this particular time window of 36 months. ! i would represent the amount invested in this time widow by an investor in fund i. It represents the di¤erence between the value of the portfolio held in time t+1 minus its value in time t adjusted by the change in stock prices. This explains why we are using a [-1, 1] bounds in equation 3 rather than [0, 1]. As an investor decides to liquidate his portfolio he would invest ! i =-1 in a fund i. This is undoubtedly a limit of the theoretical model, since we do not take account of the amount already invested in old funds.
The investor problem is to choose among placements to maximize the utility. We study two cases: 2 assets and N assets cases. For the 2 assets problem the investor has the choice between investing in a new fund or/and in a synthetic portfolio composed of equal weights invested in old funds within the family. For the N assets problem, we consider that an investor has the choice to invest in a new fund or/and in any other fund within the family.
The family has N funds. We want to see how portfolio allocation is a¤ected by the fund age. Is there a preference or an aversion to invest in new funds?
We estimate for all the new funds and family returns the …rst two moments for a given time window equal to 36 months. For each fund start, we compute the mean and the variance returns for the …rst 36 months. We do the same computation for this speci…c time window for the other funds within the same family. Our sample contains 3,707 funds whereas we have 2,998 fund introductions. Moreover, we compute optimal allocations as provided in the equation (5) and we use di¤erent values of relative risk aversion coe¢ cient.
These allocations are what a rational investor should adopt and we refer to these weights as 'theoretical allocations'. In a second step, we want to contrast these theoretical allocations to 'empirical allocations'. As a proxy, for this latter we use fund in ‡ows/out ‡ows. Both theoretical and empirical allocations are constrained by some hypotheses that may decrease their accuracy in re ‡ecting the allocation behavior of the investor. For example, in computing theoretical allocation we suppose that portfolio choice decisions are fully taken by investors and are based on utility maximization solution. Whereas in reality fund managers may a¤ect investor decision in favor of a speci…c type of funds. Furthermore, we implicitly incorporate the hypothesis of homogenous beliefs and we suppose that the aggregate allocation is simply the sum of all allocations made by di¤erent investors. We do not take account of elements such as fees, marketing, type of funds, number of investors, and manager skill that may explain the fund allocation. For empirical allocations, one might argue that a family fund will attract more in ‡ows than the its last fund launched and that the TNA at the start may play an important role in attracting further in ‡ows. However, any investor interested in any fund can withdraw all his money and invest as much as he wants in the fund of his choice, including the new fund. For instance, if the new fund seems to o¤er interesting possibilities, all the investors can invest in. No barriers would prevent investors to invest in funds of their choice. Nonetheless, we admit the presence of costs for the strategy. Finally, data show that in many cases new funds attract more in ‡ows than the family to which they belong to. All in all, the main advantage of the approach is that it allows us to have a direct comparison between theoretical rational allocations and really observed ones.
Bayesian approach
We compute the optimal allocation found in equation (5) using Bayesian …rst and second moments of returns. We want to verify whether empirical allocations are closer to Bayesian allocations. The formula of optimal allocation is as following:
A e e I n;1
e i and e i posterior mean return and standard deviation of the fund.
b i and b i mean return and standard deviation of the fund.
i : and i prior of the mean return and standard deviation of the fund (i.e. the mean return and standard deviation of the family to which the new fund belongs to).
Empirical allocations
To measure the empirical allocations we use in ‡ows/out ‡ows over the period t-1 to t:
Equation (12) gives fund ‡ows in U.S. dollars while equation (13) gives ‡ows in percentage. In equation (13), we choose to divide ‡ows by P i2F jF low i;t j rather than TNA. In reality, we divide ‡ows by the total amount of ‡ows that had been invested during the period (both in ‡ows and out ‡ows). The value of fund ‡ows ratio is between -1 and 1 which is an advantage that allows achieving comparison with theoretical allocations.
Comparison between theoretical and empirical allocations
In this part, we try to reconcile theoretical allocations with empirical ones. We try to minimize the di¤erences between allocations made on new funds. We use two theoretical approaches ( OLS and Bayes) in both cases (2 assets and N assets choices). We vary the value of the risk aversion coe¢ cient to calibrate the theoretical allocations. Results are displayed in Figure 3 and Table 4 .
For the classical approach, we notice signi…cant di¤erences in optimal allocations made in new funds between the two and N asset case. For the 2 asset case, optimal allocations imply that potential investors should not invest in new funds in most of the cases, while for N assets case investments in new funds are favored. Comparing Figure 3a and Figure   3b is to compare two types of investors: the …rst is choosing his allocations based on a classical approach as speci…ed by equation (5), while the second one on a Bayesian approach as mentioned in equation (7) . Figure 3b con…rms in a large part results found in Figure   3a , while the allocations exhibit more dispersion. Theoretical allocations in Figure 3a and Figure 3b are obtained with a risk aversion coe¢ cient equal to 2. We modify the value of this coe¢ cient to 100 and we plot kernel density of optimal allocations. Figure 4a and Figure  4b show that optimal allocations exhibit higher dispersion than with an aversion coe¢ cient equal to 2. If investors are more risk averse, they will adopt less extreme positions (smaller values of weights as RA increases). They will invest more in new funds for both 2 assets and N assets. The aim of this section is to compare theoretical allocations with empirical allocations made in mutual funds. The theoretical allocations are obtained through utility maximization as speci…ed in the equations (5) and (7). This result is dependent on a parameter which is the risk aversion coe¢ cient A. We modify the value of this parameter to increase the similarity between theoretical allocations and empirical ones. To measure this similarity, we use the mean absolute value of the di¤erence in allocations. Using a value of risk aversion equal to 100 ( Figure 4) gives results that are closer than those obtained with A=2 ( Figure 3 ). Figure 5 provides the kernel density of the di¤erence in allocations using theoretical and empirical allocations for a risk aversion coe¢ cient equal to 2 and 100. The closest case to empirical allocations is the one using Bayesian allocation and faced with 2 assets.
Analyzing empirical allocations shows that investors are reluctant to withdraw their money from new funds. This fact is corroborated by the left tail observed for the empirical allocations in Figure 3c . The average in ‡ows ratio to new funds is equal to 8.08%. Moreover, the similarity between theoretical and empirical allocations increases as we enlarge the value of the relative risk aversion. This argument con…rms that investors are highly risk averse and conservative. They will always adopt moderate weights in di¤erent assets.
[ This is the …rst attempt to reconcile theoretical and empirical allocations within a speci…c portfolio choice. Including other parameters in the theoretical model would strengthen the correlation between theoretical and empirical allocations. A calibration method would be concerned with …nding a high correlation between empirical and theoretical allocations. We work to consider other types of utility functions that take into account friction costs. The approach used here for new funds allocation issue can also be generalized for any allocation problem.
Standard deviation of new funds
The standard deviation is still a widely used risk measure. Despite its limits, most investors still rely on it to approximate the risk of their assets. Estimating standard deviation for particular time windows may be misleading. This problem is worsening when we have fewer data. Estimating new fund risk based solely on their standard deviation could give erroneous results. We propose to incorporate cross-sectional information from the family fund to which the new fund belongs to. This methodology o¤ers two advantages. First, incorporating information from funds which have longer history would better re ‡ect the true values of the fund performance. Second, the methodology will also take into account the risk from deviation of the fund toward its family.
We propose an adjusted standard deviation~ di¤ers from the average family. We use fund i and family j.
: adjusted standard deviation of returns for fund ĩ 2 i : standard deviation of returns for fund i r ijt : return of the fund i belonging to the family j at time t r jt : return of the family j at time t i : mean return of the fund i j : mean return of the family j such that:
This measure is analogous to the cross-funds standard deviation used in Nanda, Wang and Zheng (2004). Their measure is intended to estimate the heterogeneity of funds belonging to the same family. By opposition, our measure is intended to estimate the deviation of each fund with respect to its family. For each fund introduction, we compute the standard deviations, the adjusted standard deviation and family risk after 36 months of their starts . We compute this measure for this speci…c time window for existing funds. Moreover, we rank new funds measures among old ones. Figure 6 a shows the histogram of new funds rank based on their standard deviation. We notice that a majority of new funds belongs to higher deciles, con…rming they are highly risk takers. These results are in accordance with Karoui and Meier (2008) , specifying that new funds exhibit higher performance, but are also adopting riskier strategies. Comparing Figure 6a and Figure 6c shows similarity in ranking using adjusted standard deviation or classical ones. Figure 6b shows that new funds have a high family risk. New funds managers tend to adopt some strategies that signi…cantly di¤er from the family portfolio. We …nd a positive correlation between classical standard deviation and adjusted standard deviation. The correlation coe¢ cient is around .99. Results show that the correlation between family and speci…c fund risk is increasing when there are many funds in the family.
Interestingly, the average family risk is decreasing as we take a sub-sample composed of larger families. The average family risk decreases also as we extend the time window considered.
The use of the adjusted standard deviation is suitable for new funds that are belonging to large families since it highlights the family risk.
[ Figure 6 ]
5 Combined-sample estimator
Theoretical framework
As developed in part one, it is di¢ cult to compare performance of funds with di¤erent ages. We give a simple example of portfolio allocation problem to illustrate the estimation risk.
We suppose that an investor has the choice between two funds: the …rst fund has one year of records and a correspondent performance of 7%. Whereas, the second fund has three years of existence and has 4%, 5% and 4%, as performance. We suppose that the standard deviation for both funds and for each year is equal to 0.01%. What is the optimal choice?
How to choose between fund 1 and fund 2 if you would only invest in one fund? Fund 1 has a higher historical performance while it has less historical data available. 
We have the formulas of the …rst and second moments based on truncated sample:
The mean of the returns is:
The covariance matrix of the returns is:
With s is an S vector of ones. We have also that:
We have the combined-sample estimators:
Estimation of the mean:
In our case, we have:
Estimation of the variance:
We get a new Sharpe ratio:
Using an approximation from the equation (29) 2 ; we derive a formula for a combinedsample estimator of alphas: 
New Fund data
The b N ew f und, CS will be shrinked (ampli…ed) depending whether the fund family b F amily;S has achieved low (high) past performance. Suppose that the new fund has realized a higher (small) abnormal return, and at the same time the performance of the family has increased (decreased) i..e. b F amily;S b F amily > 0 (b F amily;S b F amily < 0). The b N ew f und, CS will decrease (increase) to take into account the bad (good) performance of the family made in past periods. In both cases, we suppose that fund family and new fund returns are commoving in the same way (i.e. b corr > 0).
Empirical estimation
We rank alphas of the new funds among the seasoned funds for the t 1 …rst months of activity [0 t 1 ] using OLS alphas and Combined-sample alphas. We choose one example with t 1 =36 months. For each new fund, we estimate the alpha of the new fund and the alphas of seasoned funds for this speci…c time window. We divide the alphas of seasoned funds into deciles and we range the alpha of the new fund among one of these deciles. We obtain the rank (i.e. the decile to which it belongs to) of each new fund for the [0 t 1 ] interval. We give the histogram of the ranks of new funds using OLS versus combined sample estimators. Figure 7 clearly shows that ranking based on OLS alphas vs. combined-sample alphas leads to di¤erent results. Using classical alphas, we …nd that most of the new funds belong to the tenth decile (highest performing). However, when we use combined-sample alphas we …nd that a large part of funds belong either to the …rst or to the tenth decile.
[ Figure 7 ]
In testing the di¤erence between means using short and long sample, we …nd a mean difference equal to 2.98 basis points and a t-stat equal to 1.47. The di¤erence is not statistically signi…cant. Estimating performance using combined sample does not su¤er from a systematic bias that may under or overestimate the performance. Moreover, we …nd a mean di¤erence between mean returns using short and long sample equal to 6.49 basis points and a t-Stat equal to 1.44. The di¤erence is also not statistically signi…cant. Using combined-sample alphas will not automatically generate neither an upward nor a downward bias. Figure 8a and …gure 8b show that the kernel density of the di¤erence in means and alphas using OLS vs. combined-samples methods is symmetric.
This di¤erence in results is explained by higher combined-sample alphas among new funds compared to OLS alphas. Fund families have lower performance after starting new funds than before. This means that the performance of fund families for windows corresponding to the start of funds is worse than before. Families are not timing the start of new funds in a right way (timing ability) and seem to su¤er from the costs implied by the starts of new funds. Figure 8c and Figure 8d show a slight decline in the performance of the family after starting new funds. This result supports the argument that opening new funds may be a costly strategy that gives bene…ts only in the long run.
[ Figure 8 ]
E¢ ciency of the estimator: estimation error of combinedsample alpha
We advocate the use of the combined-sample alpha as an additional measure of adjusted risk performance. We try in this section to highlight its predictability power compared to the classical alpha. One way to prove the usefulness of the combined-sample alpha is to check how close the combined-sample alpha is to the real alpha i.e. is to compute an estimation error. We compare this di¤erence with the one using short sample alphas. Figure 9 shows that the estimation error is smaller using Combined-sample alphas compared to the one using short alphas. Combined-sample alphas are closer to long sample alphas for all percentage of missing data. The variance of the …rst di¤erence ( N ew F und; CS -N ew F und; real ) is smaller than the second one ( N ew F und; S -N ew F und; real ) as mentioned in Figure 9a and Figure 9b . However, as we enlarge the estimation period (i.e. the information available) the di¤erence in the estimation error between the OLS alphas and combinedsample alphas is reduced as it is mentioned in the Figure 9c . The estimation error is also depending on the time length of the estimation period and missing data period. The error of estimation is decreasing as we reduce the length of missing data. Table 4 displays the mean and the variance of the estimation error using both OLS and combined-sample estimators. Analyzing mean values and standard deviations, we notice that combined-sample has a smaller error regardless of the percentage of missing data.
Conclusions based on RMSE are corroborating these results.
[ Figure 9] [ Or the last solution is to use the whole dataset and to estimate alphas for …ve years: real alphas for old funds and modi…ed alphas for new funds [better solution]. The results of this section highlight the importance of the use of a speci…c performance measure. Using a combined-sample alpha is better because it includes more information extracted from the family performance. This information is particularly useful for funds with short records. Furthermore, combined-sample alpha has better prediction power than the classical alpha.
Finally, the use of another performance measure has signi…cant consequences in ranking funds.
6
Estimation of alphas using an empirical Bayes approach
Theoretical framework
We propose in this part to measure the performance of the funds based on a Bayesian measure. The …rst step is to estimate the performance based on a factor model with an OLS regression. We use the four factor model as it is speci…ed in Carhart (1997) .
For each new fund, we estimate the adjusted return and factor loadings with OLS estimation. The Bayesian approach estimator is a combination of a prior and the likelihood estimation. As a prior for the new fund performance, we use the family performance to which the new fund belongs to. This prior is more likely to re ‡ect investor's beliefs. For instance, an investor interested in a particular fund will look at historical fund performance. In case of non availability of this information, he will look at the family performance information.
[ Table 5 ]
We verify whether past family performance gives an idea about the future performance of the new fund. We estimate the performance of fund family for an interval window before the starts of new funds [-t 1 0]. We measure also the performance of new funds after t 1 months from their inception. Is there a continuity phenomenon in the sense that the performance of the family will be transmitted to the new fund? We …nd some persistence in extreme deciles:
fund families that are among top performers (losers) have higher chance to launch a new fund among top performers (losers). In 8.19% of the cases, we have that top funds families launch funds in top quartiles and 7.23% of bottom families will launch funds in bottom quartiles. However, the second percentages are for contrarian performances. In 7.00% of the cases, we have that funds families launch funds in bottom quartiles and 6.76% of bottom families launch funds in top quartiles. For, the other quartiles, results are quite mixed. For an investor, this information is su¢ cient: because he is primarily interested on top funds to invest in and worst funds to avoid. We expose below the transitional probabilities matrix as it is also used by Berzins (2005) . The use of family returns is without doubt informative for an investor. Then, we estimate the posterior based on the following formula which is used by Huij and Verbeek (2007): to take, the cross-sectional mean and variance. Another speci…cation could be to take only funds with the same style as prior parameters group. For an investor who has no idea about the expected performance of the new fund, he may extract some information by looking at the performance of the fund family. We obtain as the cross-sectional mean and V . as the cross-sectional covariance of betas of funds belonging to the same family.
Empirical results
We estimate the performance of the new fund using OLS alphas and Bayesian alphas. We provide below the kernel distribution of cross-sectional prior (family), likelihood and Bayesian alphas in Figure 10 . Interestingly, we observe that new funds under perform their respective family performance. The Bayesian alpha distribution is an average between new fund performance and OLS estimation. To have a higher Bayesian alpha a new fund must have a high OLS performance and must belong to high performing family conditional on positive covariance.
[ Figure 10 ]
In a second step, we take an example of one fund and we compute the standard alpha, the prior and the Bayesian alpha. As we know the statistical law of these estimators, we draw a graphic of their distribution. We take an example of the fund 'Hotchkis and Wiley Large Cap Value Fund'. We show how the Bayesian alpha is a mix between the prior of the fund and its real performance as measured by the standard alpha. Furthermore we show the precision of Bayesian alphas by drawing a graph of the PDF distribution of the prior, posterior and likelihood for only one fund since we know the distribution density. We study two cases: the …rst one is with an informative prior whereas the second is with a non informative prior. As expected, using an informative prior gives a more precise Bayesian estimator, demonstrating the usefulness of extracting information from the family results are displayed in Figure 11 .
[ Figure 11 ]
Using Bayesian alphas in stead of OLS alphas may lead to signi…cant di¤erences in terms of ranking of funds. We estimate Bayesian alphas of new funds and seasoned funds, and we rank new funds among existent funds. We compare after the histogram of ranking using Bayesian versus OLS performance estimation. We compute standard alphas and Bayesian alphas for two consecutive sub-periods. We want to compare the persistence of performance among new funds using di¤erent measures. It is interesting to show that funds that exhibit high persistence with Bayesian funds may have more stable results because they are also belonging to high performing families. We can think that families are supporting their newly launched funds to avoid very bad results. They decrease the risk of their new funds.
It is relevant to have information about the family because managers inside the family may transfer performance across funds (Gaspar, Massa and Matos 2006).
We rank alphas of the new funds among the seasoned funds for the t 1 …rst months of activity [0 t 1 ] using OLS and Bayesian alphas. We choose one example with t 1 =36 months.
For each new fund, we estimate the alpha of the new fund and the alphas of seasoned funds for this speci…c time window. We divide the alphas of seasoned funds into deciles and we range the alpha of the new fund among one of these deciles. We obtain the rank (i.e. the decile to which it belongs to) of each new fund for the OLS and Bayesian computation method. Figure 12 shows the histogram of the rank of new funds among old funds based on the alpha. Figure 10 shows that based on Bayesian measures, a higher proportion of new funds are among top deciles. We conclude that new funds are generally launched by good families or new funds are supported by their family for their …rst months of activity.
Ranking based on Bayesian measures adds information about the performance of the family which is useful to improve the performance estimation of the fund.
[ Figure 12 ]
We rank of alphas of the new funds among the seasoned funds for the t 1 …rst months of activity [0 t 1 ] and for the subsequent time window [t 1 t 2 ]. We choose one example with t 1 =36 months. Figure 13a and Figure 13b show the persistence among new funds using OLS estimates and Bayesian estimates. Both …gures give the same results concerning persistence among top deciles. Using Bayesian estimates gives higher rates of persistence among top funds suggesting that top funds would belong to top families. Moreover, a small persistence among poorly performing funds is found using either Bayesian or OLS estimation. Analyzing Figure 13 b shows that a very small number of funds are migrating from the top deciles to bottom deciles indicating that high performing families have better chances to open new funds that will be among higher performing.
[ Figure 13 ]
E¢ ciency of the estimators
We use the same methodology as in Huij and Verbeek (2007) to test the variability of the Bayesian estimator. We estimate the equation 36 and we get factor loadings. We obtain the mean values of the coe¢ cients and the factors. We generate samples from a multivariate normal distribution for factor loadings and factors as well. Simulated samples of funds are generated for measurement horizons with a length of 12, 24, 36 and 60 months. The number of funds in the cross-section is set to 1,000. As a measure of accuracy we consider the crosssectional average of the root mean squared error (RMSE) of both estimators. Table 6 displays the results of the estimation. Con…rming the results of Huij and Verbeek (2007), we also …nd that the Bayesian estimator has a smaller RMSE than the OLS for di¤erent time window lengths considered. This clearly con…rms the initial intuition that Bayesian estimation is more suitable for estimation of the performance of young and new funds. As we enlarge the data available the di¤erence in RMSE between the Bayesian and OLS estimator decreases. Table 6 shows that the di¤erence remains positive even for horizons of 60 months.
[ Table 6 ]
Concluding comments
In this paper, we provide an in-depth analysis of the performance of newly launched U.S.
domestic equity funds over the period from 1962 to 2005. In a simple framework of an agent utility maximization problem, we compare the optimal allocations between new funds and family funds to ‡ows movement observed in the mutual fund industry. In this latter case, we …nd that investors are reluctant to exit from funds they already invested in. We …nd signi…cant di¤erences between theoretical and empirical allocations. These di¤erences are lessening as we increase the value of the risk aversion coe¢ cients, implying that investors are highly risk averse. Further researches should incorporate elements such as fees, marketing, number of investors, and manager skill that may explain the fund allocation. In the second part, we provide an adjusted standard deviation for newly launched funds. This measure decomposes the fund risk into two components: family risk and fund speci…c risk. In the third and fourth part, we enlarge the existent literature on the estimation of the performance of funds. We improve the precision of betas and alphas estimation using two methods: a combined-sample and an empirical Bayesian estimator. These methods correct the bias resulting from the data shortage of new funds and take into account information available in family returns. Our predictability tests con…rm the superiority of the combined sample estimators over the OLS especially for small percentage of missing data (i.e. short horizon prediction). Our e¢ ciency tests based on the RMSE con…rm the superiority of the Bayesian estimator. Moreover, we study the issue of the performance persistence. Using Bayesian alphas con…rms the persistence among top performing new funds and at small level for poorly performing new funds.
Appendix A Proof: We use Fama-French (1993) model and a momentum factor (MOM) to estimate the adjusted performance. Our proof is subject to two hypotheses:
The factor model has a perfect pricing of returns, i.e. a high explanatory power.
For the longer historical returns asset and for the entire period:
This gives:
For the last time window:
For the shorter historical returns:
Following Little and Rubin (1987), we have that:
We replace (1), (2) and (3) in (4):
Hypothesis 2: We suppose that X 1 and X, the factors for the last sub-sample and for the entire dataset, are following multivariate Normal distributions with di¤erent parameters.
We can generate factors using multivariate Normal distribution: Figure 1c show the evolution of the number of funds, the number of launched funds and the number of families. Figure 1d shows the evolution of the average number of funds per family and Figure 1e shows the evolution of the median age of funds.
There is a high development of the mutual funds industry and a tendency to have a higher number of funds per family starting with the nineties. We plot kernel density of theoretical allocations for 2 assets and N assets cases, using a classical approach (Figure 3a ) and a Bayesian approach (Figure 3b ). We use a value of risk aversion coe¢ cient equal to 2. The x-axis shows the allocations for new funds and the y-axis the kernel density estimate. Empirical allocations are displayed in Figure 3c . For the 2 asset case, optimal allocations imply that potential investors should not invest in new funds in most of the cases, while for N assets case investments in new funds are relatively favored. We plot kernel density of theoretical allocations for 2 assets and N assets cases, using a classical approach ( Figure 4a ) and a Bayesian approach (Figure 4b ). We use a value of risk aversion coe¢ cient equal to 100. The x-axis shows the allocations for new funds and the y-axis the kernel density estimate. Empirical allocations are displayed in Figure 4c . For the 2 asset case, optimal allocations imply that potential investors should not invest in new funds in most of the cases, while for N assets case investments in new funds are exhibiting more dispersion. This …gure clearly shows that ranking based on classical alphas vs. on adjusted alphas leads to di¤erent results. Using classical alpha, we …nd that most of the new funds belong to the tenth decile (highest performing). However, when we use combined-sample alphas we …nd that a large part of funds belong either to the …rst or to the tenth decile. In testing the di¤erence between means using short and long sample, we …nd a mean di¤erence equal to 2.98 basis points and a t-Stat equal to 1.47. The di¤erence is not statistically signi…cant. Estimating performance using combined sample does not su¤er from a systematic bias that may under or overestimate the performance. Moreover, we …nd a mean di¤erence between mean returns using short and long sample equal to 6.49 basis points and a t-Stat equal to 1.44. The di¤erence is also not statistically signi…cant. Using combinedsample alphas will not automatically generate neither an upward no a downward bias. Figure  8a and …gure 8b show that the kernel density of the di¤erence in means and alphas using OLS vs. combined-samples methods is symmetric This …gure shows that the estimation error is smaller using Combined-sample alphas in stead of using short alphas. This is true for all percentages of missing data.. The variance of the …rst di¤erence (Combined-sample alpha -real alpha) is smaller than the second one (short alpha -real alpha). As we enlarge the estimation period (i.e. the information available) the di¤erence in the estimation error between the classical alphas and adjusted alphas is reduced as it is mentioned in the Figure c . Moreover, the estimation error is also depending on the time length of the estimation period and missing data period. The error of estimation is decreasing as we reduce the length of missing data. 
Bayesian alphas
We compute standard alphas and Bayesian alphas for two consecutive sub-periods. We want to compare the persistence of performance among new funds using di¤erent measures.
It is interesting to show that funds that exhibit high persistence with Bayesian funds may have more stable results because they are also belonging to high performing families. We give the number of funds that are 3 years old at most (young funds) vesus old funds.
We show that the number of young funds has been multplied by more than ten between 1980 and 2005. And almost one over three funds was a young fund in 2000. This table displays the number of funds held by each family. As we can see, only 6 families have more than 50 portfolios. Also, the largest 6 families have a TNA bigger than the smallest 232 families. Mutual fund industry is dominated by large families. In this table we display the average of the absolute value of the di¤erence between theoretical allocations and empiricla allocations for di¤erents values of risk aversion coe¢ cient.
We notice that as we enlarge the value of this coe¢ cient, the di¤erence between theoretical and empirical allocations is decreasing. We choose s1 observations from the shortest history fund (i.e. new fund) such as s1<s.
We choose a value of s equal to 36 months and we vary the length of s1. We take di¤erent values of s1 equal to 1, 3, 6, 12 and 18 months as mentioned in table . As we enlarge the value of s1 we have a smaller percentage of missing data. Moreover, we would expect that combined sample estimator would perform worse as we have a larger percentage of missing historical records. We want to see whether past family performance gives an idea about the future performance of the new fund. We estimate the performance of the family at time t-1 and we rank it into one of the four quartiles. We do the same for the new fund opened for the subsequent period. We obtain a matrix that gives the proportion of funds in a speci…c rank that were launched by a speci…c rank of families. We …nd that the Bayesian estimator has a smaller RMSE than the Ols for di¤erent time window lengths considered. This clearly con…rms the initial intuition that bayesian estimation is more suitable for estimation of young and new funds performance. As we enlarge the data available the di¤erence in RMSE between the Bayesian and OLS estimator decreases. The di¤erence remains positive even for horizons of 60 months.
